. The ROC curves of the Q-method (blue) and Gene Set Correlation Analysis (GSCA) (orange) at a signal-to-noise ratio (SNR) of 100 dB. At this level the Q-method is almost perfect but GSCA performed far worse except in three models. The results were obtained on data at 100 dB from 12 BioModels (Chelliah et al., 2013) . Each plot summarizes 100 conserved and 100 differential model pairs based on one original model among the 12 BioModels. AUC in the legends stands for area under ROC curve. A larger AUC indicates a better performance. Table S2 . Pathway heterogeneity across yeast species. The pathway heterogeneity Q * d is normalized from Q d -statistics. The pathway TATA box disparity is calculated as the ratio of the number of TATA-containing genes in only one species (in 2 compared species) and the number of TATA-containing genes in either one of 2 compared species. 
Dynamical system model reconstruction
We present a general method to reconstruct dynamical system models (DSMs) from observed data. The method will obtainf i with estimated parameters in the deterministic part f i in the nonlinear additive ordinary differential equation (ODE) given in the main text. Let a sample of size n be taken at time t 1 , . . . , t n . Given a mathematical form of f i with unknown parameters, we obtain an estimatef i for variable i to minimize residuals by least squares. Then we measure its goodness-of-fit using the residual sum of squares (RSS), by
We also define a null modelf 0 i , embedded in and simpler than f i , by time average of y i (t k ) aŝ
Similarly, we compute the residual sum of squares RSS 0 (i) forf 0 i . RSS(i) is compared with RSS 0 (i) to quantify the improvement byf i overf 0 i using Fisher's F-test To choose the mathematical form and optimize parameters of modelf i for variable i, we enumerate the linear combination of the nonlinear terms and select one with the most significant improvement by minimizing the p-value computed for F (i)f
The above outlines a basic regression method to estimate f i , and it is possible to use other strategies more pertinent to a data set. For example, in comparative dynamical system modeling, the F-statistic used is computed on multiple data sets under different conditions as described in the main text. Our DSM, employing additive linear, quadratic, and sigmoidal ODEs, has biases towards such parametric forms. It may be, however, less critical to model comparison than model reconstruction. Despite using inexact ODE forms from most BioModels (Chelliah et al., 2013) , DSM approximation demonstrated a considerable improvement over linear approximation used in GSCA in pathway comparison. Additionally, we assume availability of sufficiently sampled time course data to estimate derivatives accurately. Also, as we assume a same topology for both conditions, pathway rewiring is implicitly achieved by close-to-zero coefficients for some interactions in one condition but not the other. Finally, finding a sub-graph from a given pathway topology, adaptation of known interactions is facilitated, but not for novel interactions, which can be complemented by interaction-driven comparative dynamical system modeling (Ouyang et al., 2011) .
Comparable performance of GSCA and the Q-method at various noise levels
We generated ground truth of conserved and differential models from original models in BioModels database (Chelliah et al., 2013) . A conserved model is the same with an original model but with a changed initial state. This can have a dramatic effect on system dynamics. The initial value of a variable was changed by adding a random number uniformly distributed in [L, U] to the original initial state. L and U are determined by model sensitivity to the initial state. Too much change can break a relationship between variables due to numerical instability.
To create a differential model, parameter values in the original model are changed by a random number normally distributed with mean µ and standard deviation σ. To avoid numerical instability, µ and σ vary depending on model sensitivity to parameters.
To cover diverse initial states and parameters, we generated 100 conserved and 100 differential models for each original model. Given a model and its initial state, we simulated time courses and added noises at signal-to-noise ratios (SNRs) of 100, 20, 10, or 0 dB. The time courses are generated by solving ODEs in each model using R package deSolve Soetaert et al. (2010) , and sampled at 100 time points, uniformly spaced with a model-dependent time increment between each pair of time points. The perturbation values for each model are described in main text Table 1 , and the runtime of the simulation study on each model is given in main text Table 2 .
Outstanding from most BioModels (Chelliah et al., 2013 ) on which we tested, the Q-method and GSCA performed comparably on a circadian oscillation model (BIOM0000000021) at a 100 dB signal-to-noise ratio (SNR) in Figure S5 . The similar performance of the two methods can be explained by Figure S6 , showing the phase planes of each pair of nodes on the BIOM0000000021 pathway. In the figure, pairwise linear correlation in GSCA is consistently high between the apparently similar trajectories generated by the original and the conserved models, but very weak due to distinct differences between the trajectories of the original and the differential models. This situation is likely to arise when a conserved model starts at an initial state very similar to the original model -critical for GSCA to work effectively on non-chaotic nonlinear systems.
Predicting rewired pathways among four yeast species
To determine whether inherent genetic variations can be predicted by detected pathway heterogeneity using the Qmethod, we applied the method to compare transcriptome time courses from four different yeast species: S. cerevisiae, S. paradoxus, S. mikatae, and S. kudriavzevii. We first obtained pathway heterogeneity for each of the 68 yeast pathways in KEGG between each pair of the four yeast species using their transcriptomes under various stress conditions (Tirosh et al., 2006) . Using their respective reference genome sequences, we further calculated TATA box disparity between pathway pairs among the four yeast species. We finally report a strong association between pathway interaction heterogeneity and pathway TATA box disparity among the four species.
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TATA box detection
The reference genomes of the four yeast species were published by Engel et al. (2014) for S. cerevisiae, by Kellis et al. (2003) for S. paradoxus and S. mikatae, and by Cliften et al. (2003) for S. kudriavzevii. The open reading frames (ORFs) and all reference yeast genomes were downloaded from Saccharomyces Genome Database (www.yeastgenome.org). We first annotated each genome other than the already annotated S. cerevisiae. For each ORF in S. cerevisiae, we find its match within each of the three other genomes using BLAST (Altschul et al., 1990) . For each identified occurrence of an ORF, the 300bp sequence region upstream of the ORF's start codon was extracted. Then we searched for TATA boxes in these upstream regions using the consensus sequence motif TATA(A/T)A(A/T)(A/G) reported for yeast by (Basehoar et al., 2004) . The number and percentage of TATA-containing genes are summarized in Table S5 . Our result shows that TATA box presence in a genome is weakly conserved among the yeast species. The number of genes containing a TATA box in their promoters is found to be a little less than 20% in three of the four studied yeast species. S. paradoxus has the most abundance of TATA box-containing genes. However, S. kudriavzevii has the least percentage of TATA-containing genes.
Pathway TATA box disparity
We define pathway TATA box disparity between two species as the ratio of the number of genes in that pathway with TATA box present in only one species to the number of genes with a TATA box in either one of the two species. That is Pathway TATA box disparity = Number of genes TATA-containing in one species but TATA-less in the other within the pathway Number of TATA-containing genes in either species within the pathway (S5) Table S6 illustrates how to compute pathway TATA box disparity. The pathway TATA box disparity column in Table S4   Table S4 . An example to compute pathway TATA box disparity. We assume a pathway contains five genes. For the two species under comparison, the absence/presence of a TATA box on each gene is given in the table.
Pathway genes TATA box in species 1 TATA box in species 2 The number of genes containing a TATA box in only one species is 2, and the number of genes containing a TATA box in either one of the two species is 3. We define the pathway TATA box disparity to be 2/3 = 0.67.
reports the statistic on all 68 pathways compared across the four yeast species, ranging from 0.33 to 1.
Normalized pathway interaction heterogeneity
To satisfy the conditions for linear regression of pathway heterogeneity on pathway TATA box disparity shown in the main text, we normalized the Q d to Q * d -statistic that is comparable across pathways with different degrees of freedom. Additionally, the linear regression residual qualitatively follows a normal distribution for the model significance to be evaluated using an F-distribution.
After computing the pathway heterogeneity Q-statistic using the expression data of four yeast species under various stresses (Tirosh et al., 2006) , we normalized the Q d -statistics from Q-method to Q * d for each pathway between two species using the following transformation (Laubscher, 1960) :
where Q d is the original pathway F-statistic, and u d and v d are the numerator and denominator degrees of freedom defined in the main text, respectively. The normalized pathway heterogeneity and TATA box disparity for all 68 pathways across all 6 pairs of species are shown in Table S4 . The scatterplot of these two measures is shown in Figure 6 in the main text. A linear regression analysis shows that normalized pathway heterogeneity Q * d and pathway TATA box disparity have a strong association with Pearson correlation r = 0.47 at a statistical significance level of P = 1.09 × 10 −23 .
Pathway interaction heterogeneity is consistent with TATA box disparity among yeast species
It has been shown that RNA polymerase (RNAP) II and III both interact with the TATA box as a basal level promoter element (Wang et al., 1996; Moshonov et al., 2008; Rhee and Pugh, 2012; Savinkova et al., 2013) . Wang et al. (1996) also showed that point mutations within TATA box sequences directly affected the affinity for RNAP II and III. Furthermore the pattern of nucleotides of the first five positions may be responsible for RNAP selection, as RNAPIII demonstrated higher affinity for tandem T residues and RNAPII showed a higher affinity for alternating T-A residues. TATA box-binding proteins (TBPs) which associate the TATA box with RNAP have been shown to affect transcription levels (Shen et al., 1998) . The TBP Brf in yeast promotes transcription of the U6 snRNA gene, and when a loss of function Brf mutant is introduced transcription by RNAPII drops to basal levels (Shen et al., 1998) . While transcription is not inhibited by a loss of function TBP or absence of a TATA box it can be reduced to basal levels as stability of the RNAP promoter complex is reduced.
The association between normalized pathway heterogeneity computed from the transcriptomes and pathway TATA box disparity from the genomes between species differed among pathways, but showed a statistically significant positive correlation ( Figure 6 in the main text) . Some pathways such as alanine, aspartate, and glutamate metabolism have both low pathway heterogeneity and low pathway TATA box disparity. Nitrogen metabolism showed a remarkable positive correlation between normalized pathway heterogeneity and pathway TATA box disparity. Pathways with low heterogeneity may not be similar due to necessity but rather have not had sufficient time to diverge. Many pathways observed displayed a 100% TATA box disparity like various types of N-glycan biosynthesis and folate biosynthesis with heterogeneity values of 10.68 and 6.95, respectively. It is possible that some pathways are more plastic than others in regards to variations in promoter regions and gene expression, while others are more rigid and under strict purifying selection. While high pathway heterogeneity and high pathway TATA box disparity is a trend generally observed, it is interesting to note how pathways such as nitrogen metabolism, between two species can be highly conserved or divergent and the opposite is true between two other species. Therefore, similarities between the same pathway in two species may not be the result of purifying selection but rather a lack of divergence.
However, some highly conserved pathways such as glycolysis and gluconeogenesis with low heterogeneity (-9.48) showed a relatively high TATA box disparity (59%) among TATA-containing genes and were considered outliers. Glycolysis and gluconeogenesis are vital metabolic pathways necessary for the regulation of glucose metabolism and anabolism. It appears that TATA boxes in the genes in these pathways are not conserved among the species. This suggests that other expression regulatory elements, for example, evolution of DNA-binding domains of transcription factors (Babu et al., 2004) , and evolution of regulatory DNA motifs (Gerland and Hwa, 2002) , may be involved which maintain similar expression levels between species and may explain such outliers. The citric acid cycle (TCA), another vital metabolic pathway responsible for the generation of NADH and FADH2 for the electron transport chain, and generation of ATP, appeared to have relatively low heterogeneity (-4.43 to -8.82 ) and moderate TATA box disparity (50-67%). These discrepancies imply that pathway conservation does not always directly depend on TATA box conservation, and other regulatory elements may compensate for variations in TATA boxes to maintain expression integrity within a pathway.
A general trend of high heterogeneity of expression and high TATA box disparity can be seen when all pathways are compared. Outliers indicate that while strict purifying selection may exist for some genes, others have a higher degree of promoter region plasticity and the presence or absence of a TATA box may not accurately predict expression. While in silico expression prediction cannot be determined solely on the presence or absence of a TATA box, there is a correlation which lends confidence to such a prediction.
The TATA box disparity observed is consistent with the conclusion in (Tirosh et al., 2006 ) that as species diverge TATA box disparity increases. The expression levels of homologs between species varied as did the presence of TATA box regions. Tirosh et al. (2006) concluded that variability within promoter regions is the driving force of the evolution of gene expression variability. While the pathways themselves have remained relatively conserved, expression levels between species are variable as are their promoter regions. The correlation between low heterogeneity and low TATA box disparity while not always consistent implies that some genes may rely on a TATA box more than others for expression above basal levels. Differential gene expression between species may be partially explained by pathway rewiring through TATA box variations in presence, sequence, and position near the promoter and offer a possible mechanism for explaining phenotypic diversity among species.
